Abstract-License Assisted Access (LAA) is the technology introduced by the Third Generation Partnership Project (3GPP) that enables the deployment of LTE networks in the unlicensed 5 GHz spectrum. To ensure a fair coexistence of LAA in the unlicensed spectrum with other technologies, e.g., with Wi-Fi, 3GPP has standardized the use of Listen Before Talk (LBT) as the default channelaccess scheme for LAA. However, the performance of Wi-Fi when coexisting with LAA mainly relies on how the LBT parameters are configured by the LAA. In this paper, we focus on the Contention Window (CW) size parameter of LBT in LAA. We propose a Neural Network (NN) based scheme that adapts the CW size based on the predicted number of Negative Acknowledgments (NACKs) for all the subframes in a Transmit Opportunity (TXOP) of LAA. In particular, our proposed scheme learns from the past experience how many NACKs per subframe of a TXOP were received under certain channel conditions. The performance evaluation shows that our proposed scheme, when compared to the state-of-the-art approaches, provides the best trade-off between the fairness to Wi-Fi and the LAA performance in terms of both throughput and latency.
I. INTRODUCTION
Radio spectrum is a finite and an expensive resource for mobile network operators. The shortage of this resource could limit the mobile industry to achieve what has been envisioned for the future 5G networks. To circumvent this problem, Third Generation Partnership Project (3GPP) in LTE release 13 and 14 introduced the Licensed Assisted Access (LAA). This novel technology, through the principle of carrier aggregation, aims towards the deployment of LTE networks in the unlicensed spectrum. This technology is expected to boost the performance of LTE networks by providing wider bandwidth in high traffic areas, but it can not be used without ensuring a fair and friendly coexistence with other incumbent technologies in the unlicensed band [1] .
Coexistence fairness with already existing technologies, especially with Wi-Fi, is the fundamental principle for LAA to be deployed in the unlicensed spectrum [2] . In regions like Europe and Japan, access to the unlicensed spectrum is subject to regulatory requirements, such as the ability to detect if the channel is in use by other users of the unlicensed spectrum. This is often known as the Clear Channel Assessment (CCA) or Listen Before Talk (LBT). Therefore, to meet both the fairness and regulatory requirements, 3GPP has standardized LBT as the default channel access scheme for LAA. However, in spite of adopting LBT, the performance of Wi-Fi when coexisting with LAA is highly dependent on how the LBT parameters are configured by LAA. In this paper, we focus on the adaptation of the Contention Window (CW) size parameter of LBT in LAA. This parameter is of key importance to avoid the collisions or to resolve the contention among the colliding stations.
According to 3GPP, the CW size is proposed to be increased if 80% of the Hybrid-ARQ (HARQ) feedbacks belonging to the first subframe of the most recent Transmit Opportunity (TXOP) are NACKs [3] . This scheme has two potential drawbacks. First, since LTE is capable of scheduling multiple users in a single subframe, the 80% threshold may be hard to meet. If a collision happens, but less than 80% of the scheduled users suffer from the collision, the LAA eNB will not increase its CW and the collision will remain undetected. Second, due to the inherent latencies introduced by the LTE protocol stack, the HARQ feedback associated to a certain subframe is received at least 4 ms after its transmission time. Therefore, 3GPP proposes to only consider the collisions detected during the first subframe of a TXOP, in order to update the CW with a minimum delay. As a result, the collisions from the rest of the subframes are ignored.
Besides what is proposed by the standard, the literature also proposes some other techniques to adapt the CW size of LAA. For example, in [4] an analytical model based on a Markov chain is proposed to find an optimal fixed CW size for the LAA eNBs in the scenario. However, a fixed CW size may increase the chances for an LAA eNB to access the medium at similar times, and the CW size is not updated upon collisions. An enhanced LBT algorithm is proposed in [5] for adapting the CW size in LAA according to the information exchanged 978-1-5386-3531-5/17/$31.00 c 2017 IEEE among the neighboring nodes. However, the performance of this scheme is dependent on the information exchange among the LAA nodes, and this requires extra signalling to be defined and transmitted. In [6] , a sensing-based scheme for LAA eNB is proposed to adjust the CW size by comparing the ratio of busy slots between two backoff periods. This scheme overcomes the limitation of the previously discussed schemes, but the CW size is updated only on the basis of sensing performed at the eNB, without considering the feedback from the user. Therefore, this scheme will easily be vulnerable to hidden nodes problems.
In this paper, we propose a CW size adaptation scheme, which could infer the collisions in all the subframes of a TXOP by combining the HARQ feedbacks from LAA User Equipment (UE) and the sensing data gathered at the eNB. In particular, the proposed scheme learns from its past experience, through a machine learning approach, how many NACKs per subframe of a TXOP will be received under certain channel conditions. After a preliminary study of supervised machine learning approaches, e.g., Neural Network (NN), Support Vector Machines (SVM), Decision Trees (DT) and Random Forest (RF), we choose a NN due to its capability of providing a compact and easy to evaluate model as compared to other machine learning approaches [7] . According to our scheme, the eNB gathers the HARQ NACKs reported by the UEs resulting from past TXOPs and the sensing data by using a Wi-Fi listener at the eNB. This provides the information about the radio activity of other Wi-Fi Access points (APs) and Stations (STAs). We note that, already different LTE in Unlicensed (LTE-U)/LAA products include a Wi-Fi listener for similar purposes in their implementation [8] [9] . The proposed scheme is able to predict the number of NACKs for all the subframes of a TXOP, without waiting for any delayed HARQ feedback after the TXOP ends. To summarize, the proposed scheme overcomes the limitations faced by the 3GPP or other options found in the literature, by predicting the collisions in all the subframes of a TXOP in a timely manner. Furthermore, unlike the schemes discussed in the literature, the CW size is exponentially increased upon the reception of a NACK for each subframe of a TXOP and is not dependent on the information exchange between the LAA nodes or only on the sensing performed at the eNB.
II. LAA CHANNEL ACCESS PROCEDURE
3GPP analyze different categories of LBT for LAA and finally the most similar to the Carrier Sense Multiple Access with Collision Avoidance mechanism (CSMA/CA) of WiFi was selected. This is referred to as Category 4 LBT [2] . In this section, we will explain how an LAA eNB is enabled to access the unlicensed channel, and how its CW evolves upon collision as specified by the standard [3] . We only focus on the downlink radio access of LAA.
An eNB, which intends to transmit the data in the downlink first senses the channel for a defer duration of T d . The defer duration T d is composed of duration T f = 16 µs and m p CCA slots, where each slot duration is T sl = 9 µs. The value of the m p depends on the LBT priority class, as it is shown in Table 15 .1.1-1 of [3] . If the channel is busy during T d , the eNB keeps sensing the channel till it gets idle. On the other hand, if the channel is idle during the T d period, similar to Wi-Fi, the eNB draws a random counter N in the range of [0,CW p ], where CW p is the current CW size, which ranges between CW min and CW max . If the eNB finds the channel idle for N CCA slots, it occupies the channel for maximum T mcot,p duration, which is also known as a TXOP. The duration of the TXOP depends on the LBT priority class, which is used to categorize the type of traffic scheduled in the unlicensed band [3] . An LAA eNB can occupy the channel up to 10 ms in case of Best Effort (BE) and Background (BK) traffic, i.e., priority classes 3 and 4, respectively. For other types of traffic, which require higher quality of service the length of the TXOP is shorter [3] . The CW size is increased upon collisions, which in LAA are detected by means of HARQ feedbacks from a receiving node. In particular, the CW size at the eNB is increased if 80% of the HARQ feedbacks belonging to the first subframe in the most recent TXOP are NACKs [3] .
The rational behind such a rule is twofold. On the one hand, the eNB may schedule more than one UE in a single subframe, thus, it will receive multiple HARQ feedbacks that have to be translated in a single decision about if the collision has happened or not. On the other hand, the rule considers only the feedbacks from the first subframe of the TXOP to reduce the delay in the update of the CW size. As shown in Fig. 1 , the data transmitted by the eNB in subframe n is acknowledged by the UE in subframe n+4, i.e., after 4 ms from the data transmission [10] . Therefore, to update the CW based on the HARQ feedbacks from all the subframes in a TXOP, the eNB should wait till the HARQ feedback of the last subframe. This introduces further delay in deciding whether a collision has occurred or not. It is worth mentioning that, while the LTE protocol stack induces these high delays, in Wi-Fi a receiving STA upon the correct reception of a data frame transmits an acknowledgment (ACK) after Short Interframe Space (SIFS) of 16 µs.
III. LIMITATIONS OF 3GPP APPROACH
As we have highlighted in the previous section, the LAA channel access procedure is very similar to the Wi-Fi's one. However, it still presents some dissimilarities due to the inherent differences in LTE and Wi-Fi technologies. We discuss here the main limitations that we see in the LAA channel access procedure, which may generate issues at the time of fulfilling a fair coexistence with Wi-Fi.
• 80% threshold may be hard to meet even in case of collisions. Various UEs that are scheduled in the same subframe may experience in general different levels of interference due to the different channel conditions. In order to receive 80% of NACKs, to update the CW in LAA, it is necessary that more than 80% of UEs, which are scheduled in the same subframe suffer from the high level of interference by neighboring Wi-Fi or LAA nodes. However, due to the random nature of the radio propagation environment and different geolocations of the users, it may not always be the case. This limits the application of CW update only to the scenarios with high interference, while in other scenarios this condition may never be met. In that case, collisions at many UEs may be ignored and the LAA backoff mechanism may not be properly exploited. The maximum length of a PSDU or an Aggregated MAC Layer Protocol Data Unit (A-MPDU) is 65535 bytes [11] . Now, let us consider a scenario where both LAA and Wi-Fi have BE traffic in the downlink, since the main use case for LAA was proposed to be the offload of BE and BK traffic [2] . In Wi-Fi (802.11n), the default TXOP for BE traffic Access Category (AC) is equal to 0. The TXOP value of 0 means that only one Physical Protocol Data Unit (PPDU) can be transmitted at a time before competing again for access to the channel, with the maximum CW size of 1023 [12] . The maximum allowed time in which a PPDU containing an A-MPDU can be transmitted is up to 5.484 ms in the Mixed mode, and up to 10 ms if the Greenfield mode is used [11] . For a more detailed description of these modes, the reader is referred to the vast available literature on IEEE 802.11n enhancements (e.g., [12] [13] [14] ). The Greenfield mode is not a widely adopted feature and is On the other hand, Wi-Fi uses the Automatic Repeat Request (ARQ) with an ACK. Unlike HARQ, ARQ always discards the data with errors and asks for a new transmission. Thus, due to the efficiency of a SC technique used in the LTE HARQ procedure, it may happen that for the same collision, Wi-Fi detects more collisions than LAA. In this case, it would be beneficial for LAA to also consider the feedbacks from other subframes of a TXOP to detect collisions. As a result of the above observations, even if the LAA and Wi-Fi channel access mechanisms are similar, the CW of LAA will not evolve in the same way as Wi-Fi CW, and most of the CW updates will be concentrated around the lower CW values. This behavior is shown in Fig.2 , where the results are obtained from a simulation of LAA and Wi-Fi coexisting nodes in an indoor scenario 
No NACKs 29: end if described in Sec.V-A, and we observe the evolution of the contention window upon collisions. Thus, the LAA eNB will not only backoff less, but may also take the channel for a longer time compared to Wi-Fi, if it has a longer TXOP. This may cause degradation in Wi-Fi performance when coexisting with LAA.
IV. PROPOSED SCHEME A. CW size adaptation algorithm for LBT-LAA As discussed in Sec.III, if the state-of-the-art (SOTA) LAA CW size adaptation scheme is unable to meet the 80% collision requirement in the first subframe, and also ignores the collisions after the first subframe, this could result in an unfair behavior in terms of channel occupancy towards a coexisting Wi-Fi network.
To tackle this unfair behavior of LAA, we propose to consider the HARQ feedbacks from all the subframes of a TXOP. However, due to the inherent protocol latency in LTE all the HARQ feedbacks belonging to the subframes of a TXOP will not be available on time, i.e., when the grant time out occurs, as it is shown in Fig. 1 . To overcome this limitation, we propose a supervised Neural Network (NN) based CW size adaptation scheme. Details on the specifications of the NN used and the reasons for making these design choices are given in the next subsection. This learning scheme infers the possible number of NACKs which could be received during a TXOP. We note that, due to the possibility of receiving multiple NACKs per subframe, we increase the NACK counter only once for each subframe. Meaning, the maximum number of NACKs the NN can predict is less than or equal to the number of subframes in a TXOP.
The eNB builds a profile of each TXOP by storing the number of NACKs received for all the subframes and the additional sensing data belonging to a TXOP, as defined in the Eq.2 of the next subsection. We note that, since we use a Wi-Fi listener at the eNB, the sensing data related to the Wi-Fi transmissions can be stored even when the eNB is transmitting. The NN is trained by using this sensing data as input, and the total number of NACKs received for all the subframes as output. Once the training is completed, the eNB after the grant timeout uses this NN to predict the expected number of NACKs to be received, without waiting for any pending HARQ feedbacks. This predicted number of NACKs corresponds to the number of CW updates to be performed at the end of a TXOP. For example, if the predicted number of NACKs is 2, the CW size of LAA is increased twice. Then, if the eNB has more data to transmit, it initially senses the channel for T d period and chooses a random backoff value between 0 and the updated CW value. Once the backoff counter reaches zero and the eNB is allowed to transmit, i.e., before the start of the next TXOP, we reset the CW size to CW min . With the help of the NN, our scheme is able to predict all the collisions happening in each subframe of the TXOP, so that the CW of LAA can expand at a faster pace than the other SOTA approaches. We consider that this approach is reasonable, given the fact that in general LAA, due to its longer TXOP, will occupy more channel as compared to Wi-Fi. However, it would be unfair for LAA to keep the same CW size also for the following TXOP, for which it has already performed the backoff at the end of the previous TXOP. The proposed scheme is further illustrated with the help of Algorithm.1.
B. Implementation of the proposed scheme
In general, when working with FFNN with supervised learning [15] , one has to build a training database of input and output vectors stored in rows and columns, also known as a dataset. This dataset can be represented as,
. . .
where X and Y are the input and output vectors of FFNN and N is the total number of rows in a dataset. Each row in the dataset corresponds to a single TXOP, such that, N is equal to the total number of TXOPs, observed during the simulation campaign for building the database. Let the term k denote the TXOP ID of each TXOP in our dataset. The input vector X can be written as, For the implementation of FFNN, we use the publicly available nnet package of R [15] , which is a single hidden layer FFNN. To obtain the above mentioned data for each LAA eNB, we run a simulation campaign with SOTA CW size scheme for 2000 sec. The details of the simulation scenario are presented in the next section. During this simulation campaign, on average for every eNB 9000 data samples are stored in the form of the dataset D. Then, this dataset is randomly divided into a training set (containing 75% of the data) and a testing set (containing 25% of the data). Referring to Eq. 2, we consider N to be equal to the total number of TXOPs observed during the simulation campaign for each eNB and L = 3 in our case. All the input and output values are normalized in the range [0, 1] . This normalization allows for a faster training process and more accurate estimations [16] . After performing the 3-fold cross-validation test, the final FFNN model for each eNB is selected on the basis of lowest Normalize Root Mean Square Error (NRMSE). The selected FFNN model for each eNB on average converges after 830 iterations and gives us more than 85% prediction accuracy. The cross-validation test is performed to prevent overfitting, i.e., when FFNN achieves the ideal minimization of the error between the estimated and the actual output of the training set. In this situation, the FFNN loses its generalization property and fails to predict the output of the testing dataset.
V. PERFORMANCE EVALUATION SETUP A. Simulation Scenario
The simulation scenario implementation has been done using the LAA and Wi-Fi coexistence module of ns-3 simulator [17] . As shown in Fig. 3 , we consider an indoor simulation scenario with the base stations placed on the corners of a building with the dimension 120x50 meters with no walls. This scenario is based on the 3GPP indoor scenario used for evaluation studies presented in [2] , but the base stations are placed at the corners of a building to get closer to a real world implementation. Moreover, this deployment helps us better evaluate the performance of our scheme by increasing the number of collisions generated by hidden nodes. We evaluate the fairness according to the methodology used by 3GPP, in which there are two operators, i.e., operator A and operator B. In step 1, both operators deploy Wi-Fi, while in step 2, operator A substitutes Wi-Fi with LAA. There are four base stations with the fixed location and 20 UEs/STAs per operator, which are randomly dropped inside the building. We consider that both LAA nodes and Wi-Fi nodes use the same channel 36 of 20 MHz. Moreover, The Wi-Fi nodes in our simulations are configured with Multiple Input Multiple Output (MIMO) 2x2 TX/RX antennas, supporting rates up to MCS 15 with a long guard interval. Similarly, for LAA nodes we use the ns-3 MIMO model supporting up to MCS 28.
As for the traffic model, we consider the FTP 1 model proposed by 3GPP in [2] . We choose LBT priority class 3 with TXOP of 8 ms and λ=5 to simulate a level of load that allows both LAA and Wi-Fi to always have data available to fill their TXOPs. We note that, for the purpose of fair evaluation, the maximum CW size of both LAA and Wi-Fi is set to 1023, instead of 63 and 1023. Moreover, for the propagation model, we use 802.11ax indoor model for all the small cells in the scenario. Simulations are run for 2000 sec for all scenarios.
B. Benchmark Schemes
In this subsection, we give a brief explanation of our benchmark CW size adaptation schemes, implemented to assess the performance of our proposed scheme.
1) 3GPP Sensing scheme: This scheme is implemented as per the proposal submitted in 3GPP by different vendors [18] . According to this proposal, the adaptation of LAA CW size is based on the observation of busy and idle slots at the eNB in an observation window. The observation window is the time between the random backoff counter is drawn and the time when the counter reaches zero. The CW size of LAA is increased if the following condition is met, size is reset to CW min , once the eNB is allowed to take the channel for the next TXOP, i.e., after performing the channel access procedure.
3) Ideal HARQ scheme: As indicated by its name, it is an ideal CW size adaptation scheme in which the HARQ feedbacks from UEs are available to the eNB without any delay, i.e., at the end of each subframe of a TXOP. The eNB increases the CW once per subframe, if any of the HARQ feedback of a subframe is a NACK. Similar to the preamble detection scheme, once the eNB has performed the random backoff based on the updated CW size, the CW size is reset before the next TXOP.
VI. RESULTS
We use user perceived "throughput" and "latency" as our main performance metrics to evaluate the performance of all the schemes presented in this paper. In ns-3, these metrics can be calculated by using the built-in FlowMonitor tool that tracks per-flow statistics at the IP layer including throughput and latency. We note that, the Wi-Fi performance of operator B in step 1 is the baseline performance for a Wi-Fi network, when it coexists with LAA, under all the CW size adaptation schemes. Let us first discuss the performance of SOTA-HARQ and 3GPP sensing based schemes. Fig. 5 and Fig. 7 , show that Wi-Fi experiences the lowest throughput and latency performance when LAA uses these schemes. This performance degradation in Wi-Fi is mainly caused by two reasons. First, as mentioned in Sec.III, we observe that Wi-Fi experiences shorter TXOP than LAA, and consequently on average it spends more time in contention as compared to what it spends in step 1, i.e., when it coexists with other Wi-Fi networks. As a result, Wi-Fi flows experience higher latencies as compared to the baseline latencies. Second, in case of collisions caused by hidden nodes, the CW size of Wi-Fi is increased to its maximum value more often than the LAA, as shown in Fig. 2 . This increases the backoff time for the Wi-Fi transmission for the next channel access, which results again in a higher latency and a lower throughput for Wi-Fi. On the contrary, with the SOTA HARQ scheme the CW size of LAA does not reach its higher values because of not meeting the 80% threshold in the first subframe and also due to the fact that collisions in other subframes of the TXOP, except the first subframe, are ignored. Similarly, for the 3GPP sensing based scheme, the threshold for increasing the CW size in Eq. 3 is not often met, because it depends on the random activity of other nodes during the backoff period of LAA. Moreover, it does not consider the real collisions happening during the TXOP of the LAA node. Therefore, LAA flows with any of these two schemes experience lower latencies and higher throughput due to its lower backoff time and longer TXOP, as shown in Fig. 4 and 6 .
With the preamble detection based scheme, LAA is enabled to guarantee a fair coexistence to Wi-Fi in terms of both throughput and latency. However, this scheme results not being fair to LAA, since it increases the CW size of LAA without evaluating if the overlapping Wi-Fi signal is actually causing a corruption of the UE data. As a result, LAA backoffs more than necessary, which eventually limits its channel occupancy and result in its low throughput and higher latency.
We now discuss the performance of our NN based CW size adaptation scheme, in comparison to the proposed benchmark schemes (i.e., SOTA-HARQ, 3GPP sensing and Preamble detection) and an ideal HARQ scheme. The ideal HARQ scheme serves the purpose of an optimal scheme which detects all the collisions in a TXOP of LAA on the basis of timely received HARQ feedbacks. In this way, we can see how close the performance of our NN based scheme is to the optimal one, and how much improvement has been achieved by our scheme over SOTA and other benchmark schemes. As shown in Fig. 5 and Fig. 7 , the NN based scheme enables LAA to better coexist with Wi-Fi by improving its coexistence performance as compared to SOTA-HARQ and 3GPP sensing based schemes. The reason is that, the NN based scheme on the basis of its learning capability can predict the number of NACKs for all the subframes of a TXOP when the grant timeout occurs. Thus, it overcomes the limitations of SOTA-HARQ and 3GPP sensing based scheme discussed earlier. On the other hand, the preamble based scheme provides better coexistence performance to Wi-Fi as compared to the NN based scheme. However, this performance gain is achieved at the cost of extreme degradation in LAA performance, since as already explained, this scheme is unfair to LAA. The NN based scheme achieves a better trade-off between the degradation in LAA performance and the improvement in Wi-Fi ones, which ensures a better coexistence. Moreover, its performance trends are very similar to those shown by the ideal HARQ scheme.
VII. CONCLUSION
In this paper, we have studied the LAA contention window (CW) size adaptation approach proposed by 3GPP. Based on the simulation results obtained through a 3GPP aligned LAA module developed in ns-3, we show that due to the limitations of this approach the evolution of the CW in LAA is very different from the Wi-Fi CW. Following this approach, it is complicated to combine HARQ feedbacks from multiple UEs, which may be experiencing different channel conditions, and to extract a decision over the occurrence of a collision. Furthermore, due to the inherent latencies in the LTE protocol stack, this approach only considers the HARQ feedbacks from one subframe of a TXOP to reduce the delay between the transmission and the detection of the collision. To overcome these limitations, we propose a solution based on supervised machine learning using a Feed-Forward Neural Network (FFNN). Using our scheme, the LAA eNB is able to predict the collisions for all the subframes of a TXOP, and increases the CW size at the end of a TXOP without waiting for delayed HARQ feedbacks. Our performance evaluation shows that, the FFNN based scheme provides a better coexistence performance to WiFi as compared to the 3GPP approach. Moreover, when compared to the schemes which provide better coexistence to Wi-Fi by degrading the LAA performance, the FFNN based scheme provides a better trade-off by 
